In microgrids a major share of the energy production comes from renewable energy sources such as photovoltaic panels or wind turbines. The intermittent nature of these types of producers along with the fluctuation in energy demand can destabilize the grid if not dealt with properly. This paper presents a multi-agent-based energy management approach for a non-isolated microgrid with solar and wind units and in the presence of demand response, considering uncertainty in generation and load. More specifically, a modified version of the lightning search algorithm, along with the weighted objective function of the current microgrid cost, based on different scenarios for the energy management of the microgrid, is proposed. The probability density functions of the solar and wind power outputs, as well as the demand of the households, have been used to determine the amount of uncertainty and to plan various scenarios. We also used a particle swarm optimization algorithm for the microgrid energy management and compared the optimization results obtained from the two algorithms. The simulation results show that uncertainty in the microgrid normally has a significant effect on the outcomes, and failure to consider it would lead to inaccurate management methods. Moreover, the results confirm the excellent performance of the proposed approach.
Introduction
The lifestyle of today leads to a substantial growth in the demand for energy in residential areas. To fulfill this increasing demand, it is inevitable that there is a need to increase the generation capacity of the current energy grid. Economic and environmental benefits of distributed generation (DG) with the priority on renewable energy resource usage makes it a much better alternative compared to building expensive and polluting fossil fuel power plants that are then far away from many consumers. However, despite all the economic and environmental benefits that come with DG, it also adds more complexity to the already sophisticated and complex power system. One of the main challenges is to provide consumers with the same level of reliability and power quality that traditional power systems offer. Microgrids, which are used to divide the big bulky energy grid into smaller, more manageable units, proved to be good candidates to tackle this issue [1, 2] . In this paper we assume that microgrids are always still connected to the overall grid; i.e., the paper assumes a grid-connected microgrid. However, for reasons of simplicity we will only use the term microgrid from now on.
• Uncertainty The wind and solar generation uncertainty, as well as the load uncertainty, and the interaction of the load and the generation are considered simultaneously in a multi-agent based microgrid energy management approach.
• Weighted Objective Function A new weighted objective function is proposed for the microgrid energy management in which each contingency influences the objective function in terms of its own probability coefficient obtained from the deployed Probability Density Function.
• Metaheuristic Optimization Method A modified version of the Lightning Search Algorithm is presented for the energy management problem. Having higher accuracy than its previous version, the modified algorithm permits a more precise energy management of a microgrid under uncertainty.
The rest of this paper is organized as follows: In Section 2, the optimization problem is formulated, and the proposed objective function and constraints are defined. In Section 3, the model of uncertainties, photovoltaic system, and wind turbine are mathematically expressed. A brief introduction of the Lightning Search Algorithm comes in Section 4. The model of the underlying microgrid is presented in Section 5. Section 6 presents and discusses the simulation results. Finally, Section 7 concludes the paper.
Problem Formulation
Microgrid energy management can be seen as an optimization problem which aims at determining the operation of the microgrid, including the DG unit commitment and demand response programs. As noted in [3] , there is a broad spectrum of objective functions, from capital and operational cost to various environmental concerns. In the following, we describe the objective function and constraints for our microgrid model.
Proposed Objective Function
To reduce the utilization cost of the microgrid in the context of DG and demand-response programs, the objective function can be described as follows:
Min f (X) = Min [P Grid (t) × B Grid (t) + P PV (t) × B PV + P WT (t) × B WT − Pro f LS (t)] (1) where N S is the number of samples, π k is the probability of each sample, and P Grid (t) and B Grid (t) are the amount of power exchanged with the grid and its price in time t, accordingly. P PV (t) and P WT (t) are the power bought from PV and WT; B PV and B WT are the prices of PV and WT per kilowatt; and finally, Pro f LS (t) is the gained profit from the load shedding, which can be determined as:
Pro f LS (t) = P LS (t) × V(t)
where P LS (t) the curtailed power amount from the consumer side in hour t, and V(t) is the suggested price of reducing the consumption in that specific hour.
Constraints
The first constraint is the balance between the amount of power produced and those consumed in order to avoid deficiencies.
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where the power loss, P Loss (t), in the microgrid is assumed to be 10% of the overall power in time t.
The maximum and minimum production capacities for all energy generation sources (EGs) in a microgrid are formulated as: P min PV .u(t) ≤ P PV (t) ≤ P max PV .u(t) ∀t ∈ {1, . . . , T}
P min WT .u(t) ≤ P WT (t) ≤ P max WT .u(t) ∀t ∈ {1, . . . , T}
where P min PV , P max PV are the minimum and maximum output power of PV; and P min WT , P max WT are the minimum and maximum output power of WT. The on and off states of EGs can be expressed by the binary variable u(t).
Uncertainties in the Proposed Model
Studies and research on power systems need to consider various uncertainties. Regarding the tendency of most power systems to be privately owned, as well as taking into account the constant changes in load and generation, the uncertainty issue in controlling and exploiting power systems is becoming a serious issue [33] . Uncertainties reflect the lack of accurate information on the values of parameters, system components, and measurements. Continuous changes of parameters, unmodelled dynamics, and unprecise measurements, are the main sources of uncertainty in the power systems [34] [35] [36] . Load, as the most uncertain variable, plays an important role in the performance of the microgrid system. Time and weather are two main factors of variation for instability in demand. Daily and weekly changes in demand are mainly correlated to energy usage patterns of consumers. Normal distribution is a very popular load distribution and is widely used [33] . The probability density function (PDF) for the normal distribution of load is given by the following equation:
where P L is the load power; µ PL and σ PL are the mean of and the variance in the load power.
Photovoltaic (PV) System Model
Solar radiation, the size of each photovoltaic (PV) unit, panel efficiency, and temperature conditions are the factors that determine the output power of PV panels. Due to the intermittency of solar radiation, the output power of PV is probabilistic. In many studies the Beta PDF is used to describe PV behavior [37, 38] .
where si t kw/m 2 is a random variable of solar radiation intensity, Γ is the Gamma function, and α t , β t are parameters of the Beta function. Depending on the mean (µ t s ) and the variance (σ t s ) of the radiation data, the value of α t and β t for every time interval are:
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The output power of PV panels in each time interval can be calculated as:
where η pv and A pv m 2 are the efficiency and the size of the PV panel, respectively [39] .
Wind Turbine (WT) System Model
The output power of wind turbines depends on the wind speed. The probabilistic nature of wind speed can be modelled by the Weibull probability distribution [40] [41] [42] .
where f t w (v) is the Weibull distribution function, v t m s is a random variable for wind. k t and c t are shape and scale parameters of the Weibull distribution as follows,
(12)
where µ t v and σ t v , are the mean wind speed and its variance, respectively. These parameters are calculated based on historical data for every interval. The power output of a wind turbine which is a function of the wind speed, can be described as:
where v cut−in , v cut−out and v r , are cut-in speed, cut-out speed and rated speed of the wind accordingly.
In Figure 1 , P r is the output power at the rated wind speed v r .
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Scenario Generation
Fitness proportionate selection is one of the most popular ways of parent selection. The general idea is that every individual can become a parent with a probability which is proportional to its fitness. Therefore, fitter individuals have a higher chance of mating and propagating their features to the next generation. Such a selection strategy favors the more fit individuals in the population, resulting in better individuals over time. In our approach first the PDF is divided into several 
Fitness proportionate selection is one of the most popular ways of parent selection. The general idea is that every individual can become a parent with a probability which is proportional to its fitness. Therefore, fitter individuals have a higher chance of mating and propagating their features to the next generation. Such a selection strategy favors the more fit individuals in the population, resulting in better individuals over time. In our approach first the PDF is divided into several probability levels based on the required precision. Each of them represents the error rate on that section. For example, the PDF in Figure 2 is divided into 5 levels.
Inventions 2019, 4, x 7 of 20 probability levels based on the required precision. Each of them represents the error rate on that section. For example, the PDF in Figure 2 is divided into 5 levels. To provide each probability level with a random variable to select potentially useful solutions for recombination, the roulette wheel selection algorithm [43] is used ( Figure 3) . In a roulette wheel selection, a circular wheel is given that is divided into n pies, where n is the number of individuals in the population. Each individual gains a portion of the circle which is proportional to its fitness value. A fixed point is chosen on the wheel circumference and the wheel is rotated. The region of the wheel which comes in front of the fixed point is chosen as the parent.
PDF
In Figure 3 , the roulette wheel was divided into 5 pies according to the levels considered in the PDF. The intended length for level 1 is A3, which is 70% of the total length of the line. The intended length for Level 2 and Level 3 is A2, which is 10% of the total length of the line and the length for the level 4 and level 5 is equal to A1, which is 5% of the total length of the line. As shown in Figure 3 , the sum of the probabilities of the levels is equal to one. First, a random number with a normal distribution is selected in the interval [0,1]. Then, depending on the obtained value, the appropriate part of the roulette-wheel is selected. This selection process is repeated every hour; e.g., as the level 1 is greater, the probability of choosing level 1 is higher than the other levels.
Lightning Search Algorithm (LSA)
The lightning search algorithm (LSA), which was first introduced in [44, 45] , is an effective metaheuristic optimization method for solving real-valued numerical optimization problems. LSA was inspired by the natural phenomenon of lightning and the mechanism of step leader propagation. LSA generalizes the mechanism of step leader propagation. It defines its search space on the basis of a probabilistic movement of a fast particle, named a projectile, in a lightening event; i.e., it considers the involvement of this projectile in the formation of the binary tree structure of the step leader and in the concurrent formation of two leader tips at fork points instead of a conventional step leader mechanism. Similar to other metaheuristics algorithms, the LSA needs a population to begin the search. Projectiles which are similar to the particles concept in PSO, suggest random solutions to solve To provide each probability level with a random variable to select potentially useful solutions for recombination, the roulette wheel selection algorithm [43] is used (Figure 3) . In a roulette wheel selection, a circular wheel is given that is divided into n pies, where n is the number of individuals in the population. Each individual gains a portion of the circle which is proportional to its fitness value. A fixed point is chosen on the wheel circumference and the wheel is rotated. The region of the wheel which comes in front of the fixed point is chosen as the parent.
The lightning search algorithm (LSA), which was first introduced in [44, 45] , is an effective metaheuristic optimization method for solving real-valued numerical optimization problems. LSA was inspired by the natural phenomenon of lightning and the mechanism of step leader propagation. LSA generalizes the mechanism of step leader propagation. It defines its search space on the basis of a probabilistic movement of a fast particle, named a projectile, in a lightening event; i.e., it considers the involvement of this projectile in the formation of the binary tree structure of the step leader and in the concurrent formation of two leader tips at fork points instead of a conventional step leader mechanism. Similar to other metaheuristics algorithms, the LSA needs a population to begin the search. Projectiles which are similar to the particles concept in PSO, suggest random solutions to solve In Figure 3 , the roulette wheel was divided into 5 pies according to the levels considered in the PDF. The intended length for level 1 is A3, which is 70% of the total length of the line. The intended length for Level 2 and Level 3 is A2, which is 10% of the total length of the line and the length for the level 4 and level 5 is equal to A1, which is 5% of the total length of the line. As shown in Figure 3 , the sum of the probabilities of the levels is equal to one.
First, a random number with a normal distribution is selected in the interval [0,1]. Then, depending on the obtained value, the appropriate part of the roulette-wheel is selected. This selection process is repeated every hour; e.g., as the level 1 is greater, the probability of choosing level 1 is higher than the other levels.
The lightning search algorithm (LSA), which was first introduced in [44, 45] , is an effective metaheuristic optimization method for solving real-valued numerical optimization problems. LSA was inspired by the natural phenomenon of lightning and the mechanism of step leader propagation. LSA generalizes the mechanism of step leader propagation. It defines its search space on the basis of a probabilistic movement of a fast particle, named a projectile, in a lightening event; i.e., it considers the involvement of this projectile in the formation of the binary tree structure of the step leader and in the concurrent formation of two leader tips at fork points instead of a conventional step leader mechanism. Similar to other metaheuristics algorithms, the LSA needs a population to begin the search. Projectiles which are similar to the particles concept in PSO, suggest random solutions to solve the problem by the lightning search algorithm. A projectile loses its kinetic energy through movement in the atmosphere. The velocity of a projectile and its kinetic energy are displayed as follows [44, 46] :
where v 0 is initial speed; m is the mass and c is the light speed; s is the traveled path and F i is the rate of ionization. The smaller mass of a projectile and shorter path traveled means the larger space it can explore, as the velocity and the ionization ability are higher. Hence, the relative energy of the step leaders determines the power of exploration and the utilization capacity of the LSA. The algorithm uses three different types of particles. The transition projectile begins to populate the search for solutions. The space and lead projectiles are engaged in exploration and they attempt to find and exploit the optimal solution. This results in three different search methods that are deployed. Exponential random behavior is executed by the space projectile that attempts to become the step leader. Opposition theory is used to realize the concurrent formation of two leader tips at fork points. Finally, local search is conducted by the lead projectile that is meant to represent the best positioned projectile that originated from a number N of step leaders [44, 46] . In Equation (17), a random variable x T modeled by uniform PDF, expresses an ejected projectile in a random direction.
where a and b are lower and upper bounds of solution space. The next step after initializing the required solution space is for the projectiles to ionize the vicinity of their old step leaders. This can be modelled by creating a random number using exponential probability density function:
where µ is the shaping parameter of the exponential PDF. The new position of the space projectile can be determined by Equation (19) , in which expRand is an exponential random number and P S i is the old position of space projectiles. The most extended projectile will be the new lead projectile.
The closest projectiles to the Earth have the least potential to extend the tips, therefore, they can be modelled by creating a random number using normal probability density function.
As the lead projectile P L finds the best solution or move toward the Earth, the scale parameter σ exponentially decreases. The new position of the lead projectile can be modeled as Equation (21), in which normRand is a random number created by normal PDF and P L i is Position of the old lead projectile [44] . In order to improve the performance of the LSA algorithm, a damping rate is added. The value of damping coefficient is dynamic, and it is 0.9 for initial iteration and 0.2 for last iteration.
Inventions 2019, 4, 37
LSA proved to have a higher conversion rate than other nature inspired metaheuristic algorithms. Figure 4 illustrates the steps of the LSA in a flowchart. 
Case Study: Microgrid System Model
The model of the underlying microgrid is illustrated in Figure 5 . This system is connected to the grid via a 20 KV/0.4 KV transformer to continuously exchange power. The household model includes sensitive loads, adjustable loads and dynamic loads. Obviously, load as the most probable variable of uncertainty plays a very important role in the performance of the power system. Moreover, time and weather are two major factors for the definitive component of demand changes. Daily and weekly changes in demand depend on the behavior of patterns of different energy consumers. In this network, photovoltaic panels and wind turbines are used as EGs. A 100 KW PV panel and a 70 KW wind turbine are installed in the underlaying microgrid. The PV can generate nominal power only if solar irradiation is 1000 w/m 2 . The maximum wind turbine power will be obtained if the wind speed is between the rated and the cut-out speed. The minimum output power of these two resources is zero. 
The model of the underlying microgrid is illustrated in Figure 5 . This system is connected to the grid via a 20 KV/0.4 KV transformer to continuously exchange power. The household model includes sensitive loads, adjustable loads and dynamic loads. Obviously, load as the most probable variable of uncertainty plays a very important role in the performance of the power system. Moreover, time and weather are two major factors for the definitive component of demand changes. Daily and weekly changes in demand depend on the behavior of patterns of different energy consumers. In this network, photovoltaic panels and wind turbines are used as EGs. A 100 KW PV panel and a 70 KW wind turbine are installed in the underlaying microgrid. The PV can generate nominal power only if solar irradiation is 1000 w/m 2 . The maximum wind turbine power will be obtained if the wind speed is between the rated and the cut-out speed. The minimum output power of these two resources is zero. The forecasted daily consumption of households for 24 h is shown in Figure 6a in the early hours, the consumption of households is at the minimum level of 50 KW. At peak hours it can reach up to 200 KW. In order to forecast the daily energy demand, an appropriate PDF is selected, and its parameters are determined using the consumption data of the last days. Then for the upcoming days, the amount of daily consumption for each hour is forecasted by the load PDF. The price of the power exchanged with the main grid is considered as Time-of-Use (TOU) price, which is shown in Figure 6b . Various scenarios for TOU pricing can be considered. But the one that encourages consumers to shift their consumption to non-peak hours with the low-cost electricity is acceptable, since it can maximize the profitability. The minimum price of power is less than 2 cents per kilowatt and the maximum is 40 cents per kilowatt. As mentioned earlier the power produced by PVs depends on the intensity of the radiation by the sun and the ambient temperature. The predicted values of those two parameters are shown in Figure 7 . According to Figure 7b , solar power extraction is only possible from 8 a.m. to 18 p.m., and for the rest of the day, due to the lack of radiation intensity, the PV power output will be zero. The maximum intensity of the radiation of the sun in the studied The forecasted daily consumption of households for 24 h is shown in Figure 6a in the early hours, the consumption of households is at the minimum level of 50 KW. At peak hours it can reach up to 200 KW. In order to forecast the daily energy demand, an appropriate PDF is selected, and its parameters are determined using the consumption data of the last days. Then for the upcoming days, the amount of daily consumption for each hour is forecasted by the load PDF. The forecasted daily consumption of households for 24 h is shown in Figure 6a in the early hours, the consumption of households is at the minimum level of 50 KW. At peak hours it can reach up to 200 KW. In order to forecast the daily energy demand, an appropriate PDF is selected, and its parameters are determined using the consumption data of the last days. Then for the upcoming days, the amount of daily consumption for each hour is forecasted by the load PDF. The price of the power exchanged with the main grid is considered as Time-of-Use (TOU) price, which is shown in Figure 6b . Various scenarios for TOU pricing can be considered. But the one that encourages consumers to shift their consumption to non-peak hours with the low-cost electricity is acceptable, since it can maximize the profitability. The minimum price of power is less than 2 cents per kilowatt and the maximum is 40 cents per kilowatt. As mentioned earlier the power produced by PVs depends on the intensity of the radiation by the sun and the ambient temperature. The predicted values of those two parameters are shown in Figure 7 . According to Figure 7b , solar power extraction is only possible from 8 a.m. to 18 p.m., and for the rest of the day, due to the lack of radiation intensity, the PV power output will be zero. The maximum intensity of the radiation of the sun in the studied The price of the power exchanged with the main grid is considered as Time-of-Use (TOU) price, which is shown in Figure 6b . Various scenarios for TOU pricing can be considered. But the one that encourages consumers to shift their consumption to non-peak hours with the low-cost electricity is acceptable, since it can maximize the profitability. The minimum price of power is less than 2 cents per kilowatt and the maximum is 40 cents per kilowatt. As mentioned earlier the power produced by PVs depends on the intensity of the radiation by the sun and the ambient temperature. The predicted values of those two parameters are shown in Figure 7 . According to Figure 7b , solar power extraction is only possible from 8 a.m. to 18 p.m., and for the rest of the day, due to the lack of radiation intensity, the PV power output will be zero. The maximum intensity of the radiation of the sun in the studied region at 12 o'clock is approximately 1000 watts per square meter. The ambient temperature also varies from 15 to 30 • C. Moreover, as the wind turbine output power is influenced by the wind speed in the region, a wind speed forecast is required (Figure 8 ). The minimum wind speed in the studied region is about 6 m/s and its maximum speed is about 11 m/s. 
Simulation Result
In this paper, the energy management of the microgrid under load and generation uncertainty is performed by utilizing PSO and LSA. The parameters of these two algorithms are shown in Table  1 . We tried to select the parameters so that their performance can be fairly compared. It is worth mentioning that, different algorithms were used. However, their results were neglected to avoid redundancy. Only the results of the PSO are accumulated in the paper due to its Moreover, as the wind turbine output power is influenced by the wind speed in the region, a wind speed forecast is required (Figure 8 ). The minimum wind speed in the studied region is about 6 m/s and its maximum speed is about 11 m/s. Moreover, as the wind turbine output power is influenced by the wind speed in the region, a wind speed forecast is required (Figure 8 ). The minimum wind speed in the studied region is about 6 m/s and its maximum speed is about 11 m/s. 
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In this paper, the energy management of the microgrid under load and generation uncertainty is performed by utilizing PSO and LSA. The parameters of these two algorithms are shown in Table 1 . We tried to select the parameters so that their performance can be fairly compared.
It is worth mentioning that, different algorithms were used. However, their results were neglected to avoid redundancy. Only the results of the PSO are accumulated in the paper due to its better performance, as well as its similarity to the LSA. The optimization is done by optimal utilization of resources as well as load curtailment in different hours of a day. Simulations are repeated in two parts. In the first part, the optimization is carried out with assumption of certainty in the data of radiation intensity, wind speed and the load, whereas in the second part, simulation is repeated with uncertainty consideration. The overall roadmap for microgrid energy management is as follows:
Step 1: Collecting the solar radiation, the wind speed and the load data in the microgrid.
Step 2: Selecting the appropriate PDF for the variables (irradiation, wind speed and load) using the values obtained in step one.
Step 3: Generating random data for the irradiations, the wind speed, and the load using the PDFs designed in step two.
Step 4: Selecting scenarios using the roulette wheel mechanism.
Step 5: Calculating the optimal microgrid energy management by deploying the modified version of LSA algorithm and using the proposed objective function. 
Part One: Optimization Regardless of Uncertainty
In the first scenario, the optimal utilization of the microgrid is accomplished by reducing the cost through resource management, as well as shedding a part of load, PSO and LSA. Each of the algorithms was executed 20 times (20 trials). In Figure 9 , optimization results are shown in 20 different runs of the two algorithms. better performance, as well as its similarity to the LSA. The optimization is done by optimal utilization of resources as well as load curtailment in different hours of a day. Simulations are repeated in two parts. In the first part, the optimization is carried out with assumption of certainty in the data of radiation intensity, wind speed and the load, whereas in the second part, simulation is repeated with uncertainty consideration. The overall roadmap for microgrid energy management is as follows:
Step 5: Calculating the optimal microgrid energy management by deploying the modified version of LSA algorithm and using the proposed objective function.
In the first scenario, the optimal utilization of the microgrid is accomplished by reducing the cost through resource management, as well as shedding a part of load, PSO and LSA. Each of the algorithms was executed 20 times (20 trials). In Figure 9 , optimization results are shown in 20 different runs of the two algorithms. In Figure 9 , the values of the best solution for 20 trials of the algorithms are shown. All the results (costs) obtained by the LSA are less than the PSO results. Additionally, the LSA responses are closer to each other. The lowest and the highest costs after optimization by the LSA is obtained with 1467.4 € in the fourth trial and 1472.1 € in the 18th trial. While the costs after optimization by the PSO are changed in the broader range. The lowest cost for the PSO is achieved in the seventh trial and it is about 1504.7 €. The worst solution for the PSO is 1518.3 € which is obtained in the third trial.
The best, worst, mean and standard deviation in the first scenario are calculated and presented in Table 2 . In Figure 9 , the values of the best solution for 20 trials of the algorithms are shown. All the results (costs) obtained by the LSA are less than the PSO results. Additionally, the LSA responses are closer to each other. The lowest and the highest costs after optimization by the LSA is obtained with 1467.4 € in the fourth trial and 1472.1 € in the 18th trial. While the costs after optimization by the PSO are changed in the broader range. The lowest cost for the PSO is achieved in the seventh trial and it is about 1504.7 €. The worst solution for the PSO is 1518.3 € which is obtained in the third trial.
The best, worst, mean and standard deviation in the first scenario are calculated and presented in Table 2 . According to the Table 2 , the best responses in performing 20 trials of the PSA and LSA algorithms are estimated to be 1504.7 € and 1467.4 €, respectively, while the worst responses for these two algorithms are 1518.3 € and 1472.1 €. The average response of the PSO algorithm is 1509.7 € and the average response of the LSA algorithm is 1470.6 €. The greater deviation of the results of the particle swarm algorithm has led to a standard deviation of 6.67, while the standard deviation of the results of the LSA algorithm is 2.41. The lower standard deviation means the higher proximity of the results obtained in different runs and hence, the higher accuracy of the algorithm. In order to evaluate the effect of the losses on the energy management study, they are changed from 5% to 15%, and the operation cost is calculated. With 5% microgrid losses the cost is 1403.8 €, after the energy management was conducted by the LSA algorithm. If the losses are 15%, the cost of the operation will be 1494.6 €. Figure 10 shows the convergence process of the algorithms to the best response. According to the Table 2 , the best responses in performing 20 trials of the PSA and LSA algorithms are estimated to be 1504.7 € and 1467.4 €, respectively, while the worst responses for these two algorithms are 1518.3 € and 1472.1 €. The average response of the PSO algorithm is 1509.7 € and the average response of the LSA algorithm is 1470.6 €. The greater deviation of the results of the particle swarm algorithm has led to a standard deviation of 6.67, while the standard deviation of the results of the LSA algorithm is 2.41. The lower standard deviation means the higher proximity of the results obtained in different runs and hence, the higher accuracy of the algorithm. In order to evaluate the effect of the losses on the energy management study, they are changed from 5% to 15%, and the operation cost is calculated. With 5% microgrid losses the cost is 1403.8 €, after the energy management was conducted by the LSA algorithm. If the losses are 15%, the cost of the operation will be 1494.6 €. Figure 10 shows the convergence process of the algorithms to the best response. As shown in Figure 10 , the particle swarm algorithm converges to 1504.7 € after 24 iterations, and the lightning search algorithm has reached a final value of 1467.4 € after 23 iterations. The cost of the microgrid in 24 h in case of the optimal energy management by LSA is approximately 37.3 € lower than those of PSO. The microgrid operational costs are predicted to be about 4711.6 € in the absence of distributed generation and lack of energy management, and only by supplying energy from the main grid. In the presence of solar and wind resources and the demand response ability it drops by approximately 69% using LSA and 68% using PSO. The percentage of cost reduction for the two algorithms is almost the same, which confirms the efficiency of both algorithms. Figure 11 shows the share of distributed generation and the amount of energy purchased from the network in 24 h, optimized by LSA and PSO. As shown in Figure 10 , the particle swarm algorithm converges to 1504.7 € after 24 iterations, and the lightning search algorithm has reached a final value of 1467.4 € after 23 iterations. The cost of the microgrid in 24 h in case of the optimal energy management by LSA is approximately 37.3 € lower than those of PSO. The microgrid operational costs are predicted to be about 4711.6 € in the absence of distributed generation and lack of energy management, and only by supplying energy from the main grid. In the presence of solar and wind resources and the demand response ability it drops by approximately 69% using LSA and 68% using PSO. The percentage of cost reduction for the two algorithms is almost the same, which confirms the efficiency of both algorithms. Figure 11 shows the share of distributed generation and the amount of energy purchased from the network in 24 h, optimized by LSA and PSO.
In Figure 11 , the blue bars, are the amount of load per hour. The red bars show the energy demand after the load curtailment by the algorithm. Orange and violet bars are the amount of power produced by solar and wind, respectively. Finally, the green bars indicate the amount of electrical energy exchanged with the upstream network. As expected, to reduce the cost of the microgrid utilization, in the time of higher energy prices, the required power is going to be mostly provided by PV and WT, whereas in the time of cheaper price most of the required energy is purchased from the main grid. At 10, 11, 12, and 14, the amount of power exchanged is negative, indicating that electricity is supplied to the upstream network to increase profitability. The profitability of electricity sales in these four hours is about 500 €. At peak hours, due to the high price of electrical energy, solar and wind resources are injected into the network at their maximum capacity. It should be noted that the maximum allowed load curtailment is 15% of the total load at the same hour which is usually done at peak hours of consumption. The amount of load curtailment in each hour is shown in Figure 12 . In Figure 11 , the blue bars, are the amount of load per hour. The red bars show the energy demand after the load curtailment by the algorithm. Orange and violet bars are the amount of power produced by solar and wind, respectively. Finally, the green bars indicate the amount of electrical energy exchanged with the upstream network. As expected, to reduce the cost of the microgrid utilization, in the time of higher energy prices, the required power is going to be mostly provided by PV and WT, whereas in the time of cheaper price most of the required energy is purchased from the main grid. At 10, 11, 12, and 14, the amount of power exchanged is negative, indicating that electricity is supplied to the upstream network to increase profitability. The profitability of electricity sales in these four hours is about 500 €. At peak hours, due to the high price of electrical energy, solar and wind resources are injected into the network at their maximum capacity. It should be noted that the maximum allowed load curtailment is 15% of the total load at the same hour which is usually done at peak hours of consumption. The amount of load curtailment in each hour is shown in Figure 12 . The load curtailment has occurred between 9 to 16, due to the higher price of electrical energy In Figure 11 , the blue bars, are the amount of load per hour. The red bars show the energy demand after the load curtailment by the algorithm. Orange and violet bars are the amount of power produced by solar and wind, respectively. Finally, the green bars indicate the amount of electrical energy exchanged with the upstream network. As expected, to reduce the cost of the microgrid utilization, in the time of higher energy prices, the required power is going to be mostly provided by PV and WT, whereas in the time of cheaper price most of the required energy is purchased from the main grid. At 10, 11, 12, and 14, the amount of power exchanged is negative, indicating that electricity is supplied to the upstream network to increase profitability. The profitability of electricity sales in these four hours is about 500 €. At peak hours, due to the high price of electrical energy, solar and wind resources are injected into the network at their maximum capacity. It should be noted that the maximum allowed load curtailment is 15% of the total load at the same hour which is usually done at peak hours of consumption. The amount of load curtailment in each hour is shown in Figure 12 . The load curtailment has occurred between 9 to 16, due to the higher price of electrical energy at those hours. The maximum load curtailment is less than 30 KW per hour. Discarding uncertainties causes the simulation result not to have enough executive guarantee and the result will be different from the actual value, especially when the sources of uncertainty in the system are high. In this paper, due to the presence of distributed generations, such as wind and solar sources, and their random The load curtailment has occurred between 9 to 16, due to the higher price of electrical energy at those hours. The maximum load curtailment is less than 30 KW per hour. Discarding uncertainties causes the simulation result not to have enough executive guarantee and the result will be different from the actual value, especially when the sources of uncertainty in the system are high. In this paper, due to the presence of distributed generations, such as wind and solar sources, and their random nature, there is a significant difference between simulation results without considering uncertainties and the real-world values.
Part Two: Optimization Considering Uncertainties
In this section, the optimal utilization of the microgrid is done, taking into account the uncertainties of solar and wind power as well as the load uncertainty. First, 50 scenarios of solar radiation intensity, wind speed, and load, were generated using the probability distribution functions described in Section 3.3, Solar and wind power outputs in various scenarios are shown in Figure 13. nature, there is a significant difference between simulation results without considering uncertainties and the real-world values.
In this section, the optimal utilization of the microgrid is done, taking into account the uncertainties of solar and wind power as well as the load uncertainty. First, 50 scenarios of solar radiation intensity, wind speed, and load, were generated using the probability distribution functions described in Section 3.3, Solar and wind power outputs in various scenarios are shown in Figure 13 . In Figure 13 , the forecasted power is shown by the bold red line and the power output of various scenarios are shown with blue points. The maximum difference between the forecasted output power of EGs and the scenarios is in the finite range. The maximum deviation for solar power ranges from −24.3 kilowatt to 25.36 KW, and for wind power is −24.4 to 25.36 KW. Figure 14 shows the amount of electrical energy requested by households over a period of 24 h in different scenarios. The difference between the predicted demand and the loads estimated by scenarios is in the finite range of −36.8 KW in hour 13, and 32.8 KW in hour 20. The PSO and LSA are used to manage the resource energies and determine the amount of load curtailment.
In the presence of uncertainty, PSO and LSA were run 20 times, and the best, worst, mean, and standard deviation is calculated. The results obtained by the optimization are presented in Table 3 . In Figure 13 , the forecasted power is shown by the bold red line and the power output of various scenarios are shown with blue points. The maximum difference between the forecasted output power of EGs and the scenarios is in the finite range. The maximum deviation for solar power ranges from −24.3 kilowatt to 25.36 KW, and for wind power is −24.4 to 25.36 KW. Figure 14 shows the amount of electrical energy requested by households over a period of 24 h in different scenarios.
nature, there is a significant difference between simulation results without considering uncertainties and the real-world values.
In the presence of uncertainty, PSO and LSA were run 20 times, and the best, worst, mean, and standard deviation is calculated. The results obtained by the optimization are presented in Table 3 . The difference between the predicted demand and the loads estimated by scenarios is in the finite range of −36.8 KW in hour 13, and 32.8 KW in hour 20. The PSO and LSA are used to manage the resource energies and determine the amount of load curtailment.
In the presence of uncertainty, PSO and LSA were run 20 times, and the best, worst, mean, and standard deviation is calculated. The results obtained by the optimization are presented in Table 3 . Given the uncertainties, different cost amounts in different scenarios are obtained by varying the demand and solar and wind power outputs. There is a significant difference between costs due to the uncertainty in production and consumption. The cost difference between the third and the fourth scenario is more than 320 €. The lowest cost is obtained in scenarios in which the demand was rather low; i.e., when it is possible to sell electricity to the upstream network. The minimum cost in ten scenarios is obtained in scenario S3, which is estimated 1521.6 € for the PSO algorithm and 1507.5 € for the LSA algorithm. The maximum cost of the microgrid in the defined scenarios, if optimized by the PSO algorithm, is equal to 1842.6 € and, if optimized by the LSA algorithm, is calculated at 1833.4 €. The standard deviations of the responses obtained by both algorithms are rather small, but the standard deviations in the responses of the proposed LSA are roughly half of the standard deviations of the PSO algorithm, which confirms the high accuracy of the proposed LSA.
In the following, the amount of power generated by EGs along with the amount of energy purchased from the network in 24 h, is optimized by PSO and LSA. Figures 15 and 16 show the results obtained for the third (S3) and fourth (S4) scenarios, respectively. Given the uncertainties, different cost amounts in different scenarios are obtained by varying the demand and solar and wind power outputs. There is a significant difference between costs due to the uncertainty in production and consumption. The cost difference between the third and the fourth scenario is more than 320 €. The lowest cost is obtained in scenarios in which the demand was rather low; i.e., when it is possible to sell electricity to the upstream network. The minimum cost in ten scenarios is obtained in scenario S3, which is estimated 1521.6 € for the PSO algorithm and 1507.5 € for the LSA algorithm. The maximum cost of the microgrid in the defined scenarios, if optimized by the PSO algorithm, is equal to 1842.6 € and, if optimized by the LSA algorithm, is calculated at 1833.4 €. The standard deviations of the responses obtained by both algorithms are rather small, but the standard deviations in the responses of the proposed LSA are roughly half of the standard deviations of the PSO algorithm, which confirms the high accuracy of the proposed LSA.
In the following, the amount of power generated by EGs along with the amount of energy purchased from the network in 24 h, is optimized by PSO and LSA. Figures 15 and 16 show the results obtained for the third (S3) and fourth (S4) scenarios, respectively. In scenario 3, the electrical energy demanded by subscribers is smaller compared to the predicted values, while the solar and wind power output is higher. In this situation, there is the possibility of exchanging more power with the upstream network; i.e., more energy can be sold by the microgrid operator agent for a better price to the upstream network. Such favorable situations exist at peak times, especially from 10 to 14. The cost of scenario 3 in the absence of demand response and without utilization of distributed generation resources is 3675 €. After energy management by the LSA, the cost decreases by 59%. Using the PSO algorithm, the cost decreases by 58.6%. The existence of uncertainty in the microgrid can create additional costs for the operator. The maximum current cost in the microgrid is when the electrical energy demand in the grid is high. Under these circumstances, costs have risen due to lower energy sales. It should be noted that in this case, the cost of the microgrid operation is estimated to be 5701.5 € in the absence of any energy management. The optimal energy management by the PSO algorithm eliminates 67.7% of the costs, and the LSA optimization leads to 67.9% cost reduction. Although costs in the scenario 4 have increased due to the system's increased load, the percentage of cost savings in this scenario is higher than the scenario 3. In scenario 3, the electrical energy demanded by subscribers is smaller compared to the predicted values, while the solar and wind power output is higher. In this situation, there is the possibility of exchanging more power with the upstream network; i.e., more energy can be sold by the microgrid operator agent for a better price to the upstream network. Such favorable situations exist at peak times, especially from 10 to 14. The cost of scenario 3 in the absence of demand response and without utilization of distributed generation resources is 3675 €. After energy management by the LSA, the cost decreases by 59%. Using the PSO algorithm, the cost decreases by 58.6%. In scenario 3, the electrical energy demanded by subscribers is smaller compared to the predicted values, while the solar and wind power output is higher. In this situation, there is the possibility of exchanging more power with the upstream network; i.e., more energy can be sold by the microgrid operator agent for a better price to the upstream network. Such favorable situations exist at peak times, especially from 10 to 14. The cost of scenario 3 in the absence of demand response and without utilization of distributed generation resources is 3675 €. After energy management by the LSA, the cost decreases by 59%. Using the PSO algorithm, the cost decreases by 58.6%. The existence of uncertainty in the microgrid can create additional costs for the operator. The maximum current cost in the microgrid is when the electrical energy demand in the grid is high. Under these circumstances, costs have risen due to lower energy sales. It should be noted that in this case, the cost of the microgrid operation is estimated to be 5701.5 € in the absence of any energy management. The optimal energy management by the PSO algorithm eliminates 67.7% of the costs, and the LSA optimization leads to 67.9% cost reduction. Although costs in the scenario 4 have increased due to the system's increased load, the percentage of cost savings in this scenario is higher than the scenario 3. The existence of uncertainty in the microgrid can create additional costs for the operator. The maximum current cost in the microgrid is when the electrical energy demand in the grid is high. Under these circumstances, costs have risen due to lower energy sales. It should be noted that in this case, the cost of the microgrid operation is estimated to be 5701.5 € in the absence of any energy management. The optimal energy management by the PSO algorithm eliminates 67.7% of the costs, and the LSA optimization leads to 67.9% cost reduction. Although costs in the scenario 4 have increased due to the system's increased load, the percentage of cost savings in this scenario is higher than the scenario 3.
Conclusions
If energy management within a microgrid is not properly handled, the reliability of the system will suffer and costs will increase. Several methods have been used for the energy management under uncertainty, among which, the most suitable one is the use of metaheuristic algorithms with an appropriate objective function. In this paper, the optimal utilization of a microgrid using the modified version of the lightning search algorithm is studied, considering the load and distributed generation uncertainties. First, using the preset information of radiation intensity, wind speed, and microgrid load, the suitable probability density function was chosen for each of them. Then, various scenarios of power generation by EGs, as well as microgrid loads were generated, using PDFs. A weighting objective function based on the cost of the microgrid is presented, in which each scenario is weighted according to its probability of occurrence. The proposed objective function had a significant influence on the energy management. The probable scenarios had greater impact and the unlikely ones had less impact on the objective function. Finally, in addition to the modified version of the lightning search algorithm, a particle swarm optimization algorithm was used to manage the microgrid grid and the demand response program. The optimization results in different scenarios indicate that in case of having uncertainty, grid costs are subject to variations within a certain range, depending on the microgrid load and the outputs of EGs. With the proper energy management, the microgrid cost is reduced more than 65%. Also, it is shown that the proposed modified LSA has a better performance compared to the PSO algorithm and reduces the cost of utilizing the microgrid to a greater extent. In future work, the proposed multi-agent-based approach for microgrid energy management will be extended by energy storage facilities. The intermittent nature of renewable power generation cannot be tackled by a sophisticated demand and supply management only. The unpredictable power generation as well as the non-stable/non-continuous production of renewable energy (e.g., the problem of photovoltaics and no sunlight (at nights)) requires substantial storage facilities for energy that need to exceed the current storage facilities by far. Thus, the impact of using energy storage on the complexity of the energy management problem under uncertainty, as well as its impact on the overall profitability will be examined. We hope to obtain ideas about what a good compromise between the investment into storage capabilities; i.e., storage capacities and storage types, and its effects on reliability and costs may look like.
